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Abstract
This work presents a comparison between a Parallel Genetic Algo-

rithm (PGA) and a Parallel Tabu Search (PTS) algorithm. Both are
used for solving a scheduling problem on 45 tests based on the same
parallel model, (Synchronous Network Concurrency Model) and testing
sequential algorithms with 2, 4 and 8 processors. The results show that
the PTS algorithm obtains better results, and covers a smaller portion
of the solution space.
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Introduction
One of the problems evidenced in an application that requires the

computational power of a parallel machine is the assignment of tasks
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to the processors available with the purpose of reducing the total com-
putational time utilized. This problem, referred to an instance of the
scheduling problem, is represented by weighted Directed Acyclic Graphs
(DAGs) also known as task graphs which configure a set of tasks in ho-
mogenous processors in order to minimize total required time. In its
general form this is a NP-complete problem although there are polyno-
mial solutions known for a few restricted cases [3], [7].

The representation of the tasks and assignment in a DAG [8], in these
graphs is defined by the tuple G = (V,E,C,T), where

is the set of task nodes and is the number of nodes, E is
the set of communication arcs, is the number of arcs, C is the
cost of the communication arcs and T is the set of computation time of
the nodes. The value is the time of communication incurred
throughout the arcs which is zero if both arcs are
assigned to the same processor. The value is the computation
time of the node

A task is an indivisible computation unit which may be an instruction,
routine or an entire program. Additionally a task is considered non-
preemtive due to the fact that once it is begun it must be completed
without interruptions.

This article presents the context of the general scheduling problem in
Section 2, defining the type of problem encountered, later in Section 3
the metaheuristics used are described. Section 4 shows how GA and TS
have been parallelized, while Section 5 presents the tests carried out and
the analysis of these. Finally, Section 6 presents the conclusions reached
in this work.

1. The Problem
The scheduling problem is defined as follows: given a number of

tasks (where corresponds to the computation time of the task)
which must be carried out by P processors (where corresponds to the

processor), it is required to know which tasks must be carried out
on which processor, such that the total time to completion be as small
as possible.

A few instances of the problem are described below:

Dependence among tasks: In order that task  begin its execution, tasks
must have concluded, that is, a certain established

order must be respected (where is the quantity of tasks that
precede task In this respect, there are two possibilities:

There is dependency between tasks.
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No task depends on the execution of another.

Duration of the task: This refers to the duration of the tasks. Two
cases exist:

All tasks have the same duration(unitary).

The tasks have different and arbitrary duration.

Communication Cost: Corresponds to the time required to communi-
cate one task with its predecessors whose execution has finished.
With respect to this, there are two different cases:

Task must communicate with task to be carried out:
if both tasks are executed on the same processor, the cost is
considered to be zero or insignificant; if they are carried out
on different processors there is a known associated cost

Communication costs are not considered.

Number of Processors: Corresponds to the quantity of available re-
sources to resolve a given problem. There are two alternatives:

An unbounded number of processors is considered.

The number of processors (P) available for the problem is
specified.

Processor Homogeneity: This has to do with the specific characteristics
of the processors. There are two cases:

The processors are identical.

The processors do not have the same characteristics.

In the present work, the scheduling problem considered has the
following characteristics (instance):

There is dependency among tasks.

Tasks differ in duration (arbitrary).

Communication cost between tasks is taken into considera-
tion.

Processors are homogenous and limited.

Researchers in this area of study have devoted approximately forty
years to develop various algorithms for this problem. A real alternative
are Metaheuristic Algorithms. These are generally defined, and thus it is
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necessary to define their parameters in order to model the problem to be
solved according to its nature. Their principal characteristic is that they
do not ensure the finding of the optimal solution, but rather solutions
that are close to the optimum. Some examples of these are Simulated
Annealing [11], Genetic Algorithms [10], and Tabu Search [9].

2. Tabu Search and Genetic Algorithms
This work centers on the study of the effectiveness of the techniques

of Genetic Algorithms and Tabu Search for the solution of a specific
instance of the scheduling problem which are presented below.

2.1 Tabu Search (TS)
Tabu Search is a metaheuristic method introduced and developed in

its present form by [9]. In General TS consists of generating, on the
basis of a random and feasible initial solution, neighboring solutions
from which the optimal solution is selected (or not) when compared to
the initial solution. A Tabu List (L) is generated of the movements that
are not allowed in the present iteration, (in this way movements that
could result in the selection of a local optimum are excluded). There
are different criteria for determining when it is possible to remove a
movement from L. Intensification and diversification strategies define
how close the generated solutions are to the initial solution.

The modeling used for this problem coincides with genetic algorithms
in representation of individuals and in the evaluation function. The
generation of a neighboring solution consists of changes in the positions
of the elements of the initial solution. The criteria for functioning for
a neighborhood were aspiration by default [9]. The search strategy is
defined by the following parameters presented in [4]:

1

2

3

The size of L is 100.

The number of variations permitted is the average of the DAG
input tasks, and the number of processors.

The size of the neighborhood is the sum of the previous.

When the number of iterations allowed in each cycle is completed,
the search strategy is updated, and the number of differences between
solutions is analyzed (Hamming distance). If it is larger than 50% of
the size of a solution, the size of L is reduced as are the number of
variations, and the size of the neighborhood is increased; if it is smaller,
the size of L is increased as is the number of variations, and the size of
the neighborhood is decreased.
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2.2 Genetic Algorithms (GA)
Genetic Algorithms are metaheuristic methods [10], (of an evolution-

ary nature) that belong to the area of Artificial Intelligence, and make
it possible to find solutions that are close to optimum for difficult opti-
mization problems. GAs base their search on the mechanics of natural
selection and genetics, where evolution operates directly on the chro-
mosomes of living organisms by means of selection processes, crosses
between individuals (thus generating offspring that are different to the
parents), and mutations which allows adaptation to changes in the en-
vironment. According to this idea, GAs use an initial population of
individuals (possible solutions for the modeled problem) that is random,
finite and same size for each generation. The individuals are represented
by binary strings in which a 1 represents a characteristic present in the
chromosome of the individual (pure GAs). The initial population evolves
from one generation to the next a fixed number of times by means of
genetic operators. These select the best solutions according to a defined
evaluation function, reproduce the individuals randomly changing the
genetic information in two chromosomes, thus generating new individu-
alism, and mutating some characteristic of the chromosome.

The model used in this work [12], corresponds to a hybrid represen-
tation of the chromosomes where the length of an individual is equal
to the number of tasks plus the number of available processors. Each
characteristic has a positive number between 1 and the number of tasks,
(which represent the scheduled task in the DAG) or a negative number
between 1 and the number of processors, (which represents the number
of the processor where the assignments are being carried out). Reading
the chromosome from left to right, the positive numbers next to negative
numbers indicate what tasks are to be carried out, and in what order
(Figure 1).

The evaluation function associated to this model determines the time
that each individual requires per task, taking into consideration the as-
sociated computation and communication costs. The operators used in
this modeling exercise as justified in [12], and whose parameters where
tuned after a process of adjustment, are the following [6]:

Mutation: Two random positions for the individual are chosen and
exchanged. Percent mutation: 1%.

Crossover:  Elements from one of the parents are randomly selected
and are stored in a row. Offsprings are created by copying each
element from the other parent from left to right, if the element
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is in the row, the following element is copied. Percent crossover:
30%.

Selection: Individuals are selected randomly from a population, those
that achieve the highest score by the evaluation function, have a
higher probability of being selected. Selection percentage: 50%.

The size of the population in each generation is of 400 individuals.

3. Parallel Tabu Search and Parallel Genetic
Algorithms

Figure 1. Chromosome representation of the GA

Just as it is interesting to study the scheduling problem due to its
application in the optimization of a parallel machine’s resources, it is
also interesting to apply parallel models to Meta-Heuristic techniques
to extrapolate the improvements in process time allowed by parallelism.
There are a variety of applicable parallel models [5], and different studies
on the parallelization of specific methods [1]. Consequently, there is
justification for the comparison of the parallel behavior between two
known methods such as Genetic Algorithms [6], and Tabu Search [4].

3.1 Synchronous Network Concurrency Model
The parallelization of the metaheuristics used in this work is achieved

through the Synchronous Network Concurrency Model. This parallel
model uses K processes executed independently, and with independent
information. The best result is communicated to a master process which
determines the best solution and communicates this to the concurrent
processes [13].

The model uses coarse grain parallelization [1], in which the popu-
lation is divided into sub-populations which are kept relatively isolated
from each other. This model introduces the migration operator, which
is used to send individuals of a sub-population to the master.

The most frequently used population models in the implementation of
coarse grained genetic algorithms are the following: The island model,
and the stepping stone model. In the island model the population is
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sub-partitioned into geographically isolated sub-populations and the in-
dividuals can migrate to any other sub-population. In the stepping stone
model the population is partitioned in the same way, however migration
is restricted to neighboring populations.

3.2 Parallel Genetic Algorithm (PGA)
The model used consists of a master GA and K independent GAs

(see Figure 2). The population is divided into equal parts for each GA.
When one generation is finished, the GAs send their best individual to
the master GA which determines the best of these sending it on to all
the GAs according to the migration policy best individual over random
individual (The best individual is copied over any solution for every GA
[13]).

Figure 2. Synchronous Network Concurrency Model applied to Parallel Genetic
Algorithms

3.3 Parallel Tabu Search (PTS)
As with the parallel GA described above, Tabu Search has K TSs with

independent neighborhoods and tabu lists. Each sends its best solution
to the master TS which copies the best of these to the rest of the TSs.
The master process also takes care of initializing the parameters for the
search strategy and the initial solutions for each TS.

4. Tests Carried Out and Analysis of Results
The DAG test set presented is made up of 15 representative DAGs

extracted from the study [14], and whose principal characteristics are
detailed in Table 1. The scheduling problem used considers the assign-
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ment of 15 DAGs for P = 2, 4 and 8 (45 tests). For each test, each
algorithm is executed ten times: GA and TS with K = 1, 2, 4 and 8.

The tests were carried out on a machine with shared memory Silicon
Graphics, with an Irix operating system, version 4.3 and C language.

The information evaluated for each test is the following: Mean Parallel
Time (PTmean), the size of the Mean Space Covered (SCmean) and
the Minimum Parallel Time obtained during the 10 executions(PTmin).
Figures 3 and 4, show the graphs of the results obtained from PTmean
and SCmean for the mentioned graphs itinerated over 2 processors (P =
2), with 2 parallel algorithms for GA and TS (K = 2).

The need for metaheuristics to approach the scheduling problem is
justified upon inspection of the size of the search space [4] by means of
the equation 1a [12], which establishes the number of possible methods
for resolving a number of tasks  over a number of processors P, while
considering the dependency among tasks.
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With equation 1a table A.1 is deduced, with the sizes of the search
spaces of the reviewed DAGs, thus highlighting the technical impossi-
bility of obtaining solutions by exhaustive search in order to find an
optimal solution because of the combinatorial explosion.

4.1 Analysis of Results
Figure 3 shows that the Mean Parallel Time of the TS based solu-

tions‚ for scheduling with two processors (P = 2)‚ are better than those
achieved with the GAs. Additionally‚ upon reviewing the Figure 4‚ it can
be seen that the Mean Space Covered for the GAs with two processors‚
is greater than TS.

Of the 45 tests carried out‚ the most representative of the behavior of
the algorithms‚ are those carried out on the graphs assigned for P = 8.
From the 15 tests selected‚ in 7 cases GA and TS obtained equal results
for parallel time. Additionally‚ there are 4 cases in which TS obtained
equal results independently of the degree of parallelism used‚ while the
Mean Parallel Time increased.

As can be seen in Figure 5‚ PTS showed a better performance than
PGA for all the configurations tested (K = 1‚2‚4‚8).

In terms of the Mean Space Covered for the mentioned DAGs with
8 processors (P = 8) (Figure 6)‚ the PGAs decrease their exploration
in the measure that the degree of parallelism increases confirming the
results shown in [13]. For their part the PTS show a similar performance‚
although for Mean Space Covered always less‚ and a slower decrease in
the measure that the degree of parallelism increases.

5. Conclusions
According to the results obtained‚ it can be seen that the PTS shows

better results than the PGA. This can be deduced from the observation
that for similar quality solutions (Mean Parallel Time)‚ the Mean Space
Covered for PTS is significantly less and is in fact a fraction of that used
by PGAs. In practice‚ there is an obvious decrease in required proces-
sor time in order to find a good solution to the problem of scheduling
multiprocessor machines.
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The PTS and PGA can be used to solve other instances of the schedul-
ing problem‚ perhaps with similar results. As future works we are study-
ing the application of these parallel models to solve other kinds of com-
binatorial problems.
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